gene in the non-parametric model. By incorporating the information of SNP variants into the fine-mapping, the proposed method further assesses the gene-gene interactions between the SNP and the disease locus. Conclusion: With the incorporation of covariates, the proposed method cannot only improve efficiency in estimating disease loci, but can also elucidate the etiology of a complex disease.
Introduction
The etiologies of complex diseases with an early onset in life, such as asthma, schizophrenia, birth defects, etc., often involve both genetic and environmental components. The genetic component might itself be complex, involving the affected individual's inherited genes as well as maternal-mediated mechanisms or environmental exposures during gestation [1, 2] . Hence, researchers often adopt the case-parent design to assess the gene-environment interaction. This design includes affected offspring and both of their parents, allowing for testing and estimation of offspring-and maternally mediated genetic effects [3, 4] .
Schaid [5] illustrated that the case-parent design is more powerful than the case-control design in detecting gene-environment interactions (GxE) for rare disease susceptibility alleles. Specifically, he used a logistic regression model to assess GxE by estimating the genotype relative risks for one locus at a time. This approach permits testing for GxE, subject to the constraints of an assumed genetic relative risk model. Umbach and Weinberg [6] proposed a log-linear modeling approach to estimate the genotype-exposure interaction effect, but it was infeasible to include continuous environmental factors. Lim et al. [7] used a multinomial logistic regression method to overcome this constraint, but their approach included many parameters and often encountered small or zero frequencies in some categories. Baksh et al. [8] used a two-stage modeling approach to model the covariate and gene-covariate in teraction terms over conditional score tests that include covariate information. They estimated nuisance par ameter(s) in the penetrance function instead of using external estimates [9, 10] , which can be unreliable [11] . By relaxing the conditioning on parental genotypes to allow exchangeability of parental genotypes, Cordell et al. [11] extended the conditional logistic approach to fitting models for multiallelic markers, multiple linked loci, multiple linked loci in multiple unlinked regions, and gene-gene and gene-environment interactions without the requirement of estimating the large number of nuisance parameters in these situations. Although these likelihood-based approaches can assess gene-environment interactions, the number of parameters may increase substantially when the genetic model becomes too complex. The parameters in a genetic model, such as disease allele frequency, disease locus, and penetrances, are mostly unknown, and must be estimated with likelihood-based approaches.
On the other hand, the family-based approach proposed by Rabinowitz and Laird [12] is based on computing p values by comparing test statistics for association with their conditional distributions given the minimal sufficient statistic under the null hypothesis for the genetic model, sampling plan, and population admixture. This approach can be applied to any kind of phenotype, and multi-allelic markers may be examined without estimating or specifying many parameters, such as parental mating type frequencies. This approach can also accommodate gene-environment effects, but focuses on testing associations with or without the presence of linkage rather than estimating the disease locus or gene-environment effects.
The semi-parametric linkage mapping for the caseparent trios design proposed by Liang et al. [13] utilizes all the markers simultaneously to localize the disease locus while making no assumption about genetic mechanism, except that only one disease gene lies in the region under study. The advantage of this approach is that it does not require the specification of an underlying genetic model, so estimating the position of a disease locus and its standard error is robust to a wide variety of genetic mechanisms. Hsu et al. [14] extended this approach to incorporate the genotypic information of an unlinked locus into the linkage disequilibrium (LD) mapping to assess gene-gene interaction. Through stratification on a categorical variable, their approach [14] is applicable to incorporate qualitative covariates only. Incorporating covariates associated with the disease locus in fine-mapping, be they qualitative or quantitative, can improve the efficiency of estimating disease loci and elucidates the covariate's role in the genetic mechanism underlying a complex trait. Hence, it is important to extend this approach of Liang et al. [13] to incorporate quantitative and qualitative covariates. We consider quantitative covariates in the present study subsequently as one can always stratify the sample by qualitative covariates [14] ; the proposed method can also handle qualitative covariates, however.
Method

Notation and Preferential-Transmission Statistic
Consider n case-parent trios sampled for an association study, and let R be a chromosomal region of length T cM which contains no more than one susceptibility locus at in the region R. Suppose M markers were genotyped in the region R at locations of 0 ^ t 1 ! t 2 ! … ! t M ^ T. Following the notation in Liang et al. [13] , we assume there are two alleles per marker with H(t) being the target allele at marker t, and h(t) the non-target allele, and define Y(t) as the paternal preferential-transmission statistic
where t is an arbitrary location in this region R, and
1, if the transmitted paternal allele at t is the target allele H(t) 0, if the transmitted paternal allele at t is the non-target allele h(t), 1, if the non-transmitted paternal allele at t is the target allele H(t) 0, if the non-transmitted paternal allele at t is the non-target allele h(t).
Similarly, the maternal preferential-transmission statistic can be defined by
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Let ⌽ denote the affected child; consider a situation where n independent case-parent trios are sampled and the paternal and maternal preferential-transmission statistics Y i (t j ) and X i (t j ), respectively, are computed at each of M markers located at 0 ^ t 1 ! t 2 ! … ! t M ^ T, i = 1, …, n. Liang et al. [13] showed that the expected number of a target allele at t j being transmitted to the affected child ⌽ is
is the recombination fraction between t j and , N is the number of previous generations to the one in which a disease-causing mutation at was introduced, i = 1, …, n, and j = Pr[h(t j ) ͉ h( )], j = 1, …, M.
The genetic effect of , characterized by C, is the transmission probability that the affected offspring will carry the disease allele, H( ), at . This genetic effect is postulated to be associated with a vector of covariates Z (assuming that recombination and linkage disequilibrium do not depend on Z ). Therefore, the expectation of the preferential-transmission statistic can be re-written as
where
The parameter C, which measures the genetic effect of , is a function of the covariate Z, where Z = (Z 1 , Z 2 , …, Z p ) T is a vector of p covariates. The relationship between C and Z can be modeled parametrically or non-parametrically.
The Parametric Model
Multiple parametric methods can be utilized to model C as a function of the covariates. The proposed approach employed logistic type models to establish the relationship between a vector of covariates Z and C( z ), where C( z ) is the dependent variable [15] . (C(z) + 1)/2 represents the probability that an affected child will receive a target allele at from his or her heterozygous parent. Thus, (5) by Eq. (7) leads to
=
Following Liang et al. [13] , this method assumes the Haldane [16] map function
and estimates j by ˆ j , namely,
Through the Generalized Estimating Equation (GEE) [17] approach, one can solve equation (11) to estimate the vector of parameters ␦ = ( , N, ␣ , ␤ 1 , …, ␤ p ), where p is the dimension of covariates.
The Non-parametric Model A criticism of multiple parametric modeling is that it may not accurately reflect the underlying mechanism. This method also employs the non-parametric model proposed by Chiou et al. [18] for linkage analysis to estimate the function C by spline and kernel smoothing methods as local polynomial regression [19] . The expected number of disease alleles being transmitted at ~ was estimated by
where w j ( ˜ ) is the weight function of nearby markers centered at ˜ . The weight function here comprises the statistic at the two nearest markers, Y i (t l ) and Y i (t k ) with t k ! ˜ ! t 1 such that
where w = (t 1 -˜ )/(t 1 -t k ). Similarly, X i * ( ˜ ) can be estimated. Let
then Ĉ(z) can be obtained by minimizing the following kernel weighted least squares function
, H is a p ! p symmetric positive definite matrix depending on sample size n; K is a p variate kernel such that ͐ K(u)du = 1; and
is the bandwidth matrix, where bandwidths describe the width of the convolution kernel used; and ␣ ˆ is the estimate of C [20] . Here, the kernel function K and the bandwidth matrix
and 
After obtaining Ĉ( z ), plug it into the following GEE equation to update the estimate of ␦ :
where ␦ = ( , N). The iterative process of updating Ĉ(z) in the nonparametric model and ␦ ˆ in the GEE approach produces the estimates of C(z) and ␦ upon reaching convergence. The parameter estimates obtained from the GEE approach exhibit asymptotic normality, making it possible to make inference about the parameters (see Appendix for the details).
Simulation Study
To assess the performance of the parametric and nonparametic methods under different genetic mechanisms, three genetic models were assumed to generate the affection status in the simulation study.
Fixed Penetrance Models
The first genetic model is a fixed penetrance model, which determines the affection status by the penetrance rates f 0 , f 1 , and f 2 for genotypes hh, Hh, and HH at the disease locus, respectively.
Threshold Models
The second genetic model is a threshold model, which determines the affection status by a threshold (see fig. 1 ) for a quantitative trait following a normal distribution [21] . An individual is classified as a case if his or her trait exceeds the threshold. This model sets the threshold at 1.02 to produce a prevalence rate of 0.05.
GxE Models
The third genetic model postulates a prospective logistic regression model [22] as the penetrance function, and generates binary disease outcomes for case-parent trio data 1 2
where (7), and On the other hand, a quantitative trait [21] and age at onset were also generated as a covariate based on the genotypes at the disease locus for affected individuals. The quantitative trait is
where n is the total number of trios, g i = a, d, -a for the genotypes HH, Hh, or hh respectively; a = 1; d = 1 for dominant models, d = -1 for recessive models, and d = 0 for additive models; and e i are independent random variables that follow a standard normal distribution. Age at onset is also a covariate (z i ) that follows an extreme value distribution, that is, the logarithm of age at onset is a Weibull distribution [23] , Log(age at onset (z i )) = -log -
where = 0.02, ␤ = 0.1, ␥ = 40, z i is the number of H at , and i follows the standard extreme value distribution, i = 1, …, n. Using the same algorithm as Liang and Chiu [24] , where random mating and the Hardy-Weinberg equilibrium were assumed, genotype data at the disease locus and marker loci were generated for parents, then for their child. Ten or 20 bi-allelic markers spanning 0.9 In addition, 91 SNPs with a SNP every 0.01 cM where a marker locus at 0.45 cM is also the disease locus were generated, a covariate (trait) controlled by different quantitative trait loci (QTLs) was simulated to study the QTL's impact on estimating the disease locus. A child's affection status was determined by the genotypes at the disease locus using the genetic models of fixed penetrance, threshold, or logistic regression with gene-environment (GxE) interactions. Each scenario was simulated for 1,000 replicates with 200 case-parent trios in each replicate. The relative efficiency of estimating the disease locus using the parametric and non-parametric approaches with an incorporated covariate was compared to the original approach without a covariate. The performance of these approaches under different genetic models was also examined.
Results
The performance of approaches that incorporate a quantitative covariate through parametric and non-parametric modeling was assessed in this study. The estimate of the disease locus, its standard error, bias, and 95% coverage probability, and the relative efficiency of comparing estimates for the disease locus with and without covariates are presented. The parametric model also assesses the relationship between the genetic effect at the trait locus and the covariate and its significance.
Since the covariate is either a quantitative trait controlled by the disease locus or a quantitative environmental factor associated with the disease, incorporating the covariate provides additional information about the disease locus. This, in turn, increases the efficiency of estimating ( table 1 ) . The increase in the disease allele frequency leads to an increase in C. Hence, the standard error for the estimate of is smaller at larger disease allele frequencies. Regardless of the underlying genetic disease model, the efficiency gain of incorporating a covariate is higher for small C since a larger C refers to a relatively more homogeneous genetic effect. As a result, the incorporation of covariates improves efficiency more when C is small. The relative efficiency of estimating the disease locus also depends on the covariates incorporated. Under the GxE genetic model, incorporating age at onset and the quantitative trait at the disease locus improves efficiency more than incorporating the environmental variable. Incorporating age at onset is most effective as it has a greater genetic effect on the disease locus than the other two covariates ( table 1 c). Denser markers also improve the efficiency in estimating for all the estimates, regardless of whether or not a covariate was incorporated. As a result, the magnitude of the relative efficiency decreases ( table 2 ). Table 3 shows that under the GxE genetic model, relative efficiency increases as the environmental effect increases, even though the standard errors of ˆ also increase. On the other hand, when the covariate is a trait, its genetic component has some impact on the relative efficiency -the higher the additive genetic effect is, the higher efficiency becomes when incorporating covariates under the GxE model ( table 4 ). Table 5 shows that the relative efficiency and the significance of the covariate decrease when the QTL's position for the covariate is farther away from the disease locus, regardless of the genetic model of the covariate (quantitative trait). These features can help investigators select a covariate with the strongest genetic association with the disease locus.
Three different LD patterns among the non-disease SNPs were simulated with 50, 100, and 150 generations N to examine the impact of LD patterns ( table 6 ). The results suggest that the efficiency, as well as the relative efficiency in estimating the disease locus , tends to decrease when the LD between markers increases; however, the effect is not substantial. In addition, incorporating a covariate not associated with the disease locus does not reduce the efficiency of estimating the disease locus in either parametric or non-parametric models compared to the estimate without the covariate. With three additional irrelevant traits as covariates, the efficiency in estimating remains similar for both parametric and nonparametric approaches ( table 7 ) ; however, the convergence rate dropped to 74.5% for the non-parametric approach (when there is only one covariate incorporated in the non-parametric model, the convergence rate is around 99.2-100%, depending on the specific covariate). The convergence rate and efficiency are fairly stable in the simulation studies for the parametric approach when incorporating additional covariates not associated with the disease locus. As a result, selecting relevant covariates into the models remains crucial, as, in general, with many irrelevant covariates there can be problems of non-convergence or loss of efficiency, particularly in the nonparametric approach. The relative efficiency of the estimate of the disease locus also depends on whether or not a marker is genotyped at the disease locus. The relative efficiency is higher when a marker is genotyped at the disease locus than when it is not. 
A Data Example
To illustrate the proposed method, the original, parametric, and non-parametric approaches were applied to a family-based hypertension study conducted at four community hospitals in northwestern Taiwan [25] . The sample of the study included a total of 88 young-onset hypertension trios from 66 families. Forty-four SNPs of the lipoprotein lipase (LPL) gene with a minor allele frequency (MAF) of at least 0.05 in the 43 trios having the covariate plasma triglyceride (TG) were included in these analyses. 'Young-onset' hypertension indicates hypertensive patients first diagnosed at less than 40 years old. The unit of base pair (bp) was roughly converted into the unit of centi-Morgan (cM) by dividing the bp by 10 6 . The TG level was incorporated into the association mapping to compare the efficiency of estimating the disease locus between this approach and the original approach without a covariate. The estimated disease locus was at 19.85367 cM, near SNP rs343 ( fig. 2 ) , with a standard error of 0.002418 (95% CI = [19.84893, 19 .85841]) in the original approach. The genetic effect C was 0.134 with a p value of 1.48 ! 10 -4 , strongly suggesting an association between young-onset hypertension and the estimated disease locus at 19.85367 cM ( table 8 ) . Incorporating the TG level into the parametric approach produced an estimate of 18.85321 (cM), near SNP rs343, with a standard error of 0.002463 (95% CI = [19.84838, 19 .85804]). TG was also positively correlated with the genetic effect at the estimated disease locus in young-onset hypertensive subjects (p value = 4.6 ! 10 -3
). However, the efficiency of estimating remained similar after incorporating TG, which may be because one more regression parameter for the covariate must be estimated based on the limited sample size. In the non-parametric approach, the disease locus estimate, its standard error, and 95% CI were estimated to be 19.85682 cM (near SNP rs258), 0.00023 and [19.85636, 19 .85727], respectively ( fig. 2 ) . The relative efficiencies in estimating were 0.96 and 110.52, compared with the original estimate for the parametric approach and non-parametric approach, respectively. These estimated locations are consistent with the results of Chen el al. [25] . Since the non-parametric model is more robust against the one-locus assumption, the non-parametric approach obtained three additional estimates for with different initials: (i) 19.86076 cM, near SNP rs295, with a 95% CI = [19.86064, 19 .86088]; (ii) 19.8634 cM, between SNPs rs320 and rs322, with a 95% CI = [19.86328, 19 .86352], and (iii) 19.86522 cM, near SNP rs331 with a 95% CI = [19.86472, 19.86572] . Compared with the estimate that did not incorporate a covariate, the relative efficiencies in the non-parametric approach were 1530.86, 1445.43, and 88.52 for these three additional estimates, respectively. The estimated disease locus 19.8634 (between rs320 and rs322) with the smallest standard error (6.36 ! 10 -5 ) is located at exon 8, which is known to be associated with hypertension [26] . To further study the interactions between a SNP and the disease locus, and the SNP's relation with TG, the genotypes of rs295 at 19.860518 cM were incorporated into the parametric model. Two dummy variables indicating genotype 2/2 (wild type) and 2/1 were created. The relative efficiency of estimating the disease locus improved 1.30-fold after adding rs295 to the fine-mapping. With the incorporation of SNP rs295, TG remained significant (p = 0.041), and rs295 also remained significantly associated with the estimated disease locus (p = 7.6 ! 10 -13 for genotype 2/2 and p = 1.07 ! 10 -6 for genotype 2/1, compared to the genotype of 1/1). In addition, the interaction between the estimated disease locus and rs295 is significant (p = 2.44 ! 10 -6 ). These results suggest that TG and rs295 are independently associated with the disease locus, and there is a gene-gene interaction between rs295 and the estimated disease locus near rs343. 
Discussion
The case-parent design is robust against genetic population structures. However, spurious gene-environment interactions may still result when trios are sampled from subpopulations with different alleles and exposure frequencies [6] . The proposed approaches allow investigators to account for population stratification or heterogeneity by incorporating covariates. Researchers can also assess gene-environment interactions while identifying the disease locus in the case-parent design.
Through the key representation stated in equation (5), the GEE approach allows investigators to use multiple markers from the same region to estimate the location of the trait locus, , and the genetic effect in C. Thus, one could test the null hypothesis of no linkage and association in the region by testing whether C = 0 without the need to test the same hypothesis one marker at a time and hence avoids the multiple testing issue, at least within the region considered. Multiple markers were incorporated into the fine-mapping through the GEE approach, effectively eliminating the concern of multiple testing in the chromosomal region of interest. Another advantage of the GEE approach is that it provides valid standard error estimates when using multiple trios from the same family [13] . In addition, this method is robust to the genetic models as the only assumption it makes is that there is only a susceptible locus located in this region. The data example in the present study shows that the non-parametric approach is robust to this assumption, which may be due to local peaks and obtaining the estimate for the disease locus locally in the non-parametric approach. Simulation study and data example both demonstrate that incorporating covariates into fine-mapping improves the efficiency of estimating the disease locus and assessing gene-gene and gene-environment interactions. By comparing the results of incorporating different covariates, this approach can help investigators select a proper environmental factor or biomarker to mediate or moderate the function of the disease gene. In addition, comparisons of the disease locus estimates from the original and proposed parametric and non-parametric approaches help investigators confirm the estimated disease locus and elucidate the association between the covariates and the disease.
In the simulation study, incorporating a covariate unlinked to the disease locus does not reduce the efficiency of estimating the disease locus in either the parametric or non-parametric models, compared to the estimate without the covariate. The efficiency remained similar when incorporating three additional irrelevant covariates (four covariates in total) into the fine-mapping. This underlines the utility and robustness of both the parametric and non-parametric approaches. However, although the number of covariates is arbitrary, one needs to be cautious -if the sample size is not large enough, non-convergence problems may appear when the total number of covariates is too big, in the non-parametric approach, in particular. The efficiency in estimating is comparable between parametric and non-parametric approaches, although, when C is small, the non-parametric approach tends to have slightly higher efficiency than the parametric approach.
This simulation study and its examples also illustrate that the proposed method is helpful for identifying a covariate, which improves the efficiency of estimating the disease locus. In the young-onset hypertension example, in addition to confirming previous results [25] , the proposed method assesses gene-gene interactions between the estimated disease locus and SNP rs295. These findings can help investigators understand the underlying genetic mechanisms of a disease.
The approach described in the present study requires the availability of a dataset consisting of parent-offspring trios with no missing genotype data. A natural extension of the proposed method would be to apply it to nuclear families [27] , extended pedigrees, or missing genotype data. For missing genotype data, single and/or multiple imputation approaches or averaging all the possible genotype configurations consistent with the observed genotype data could be solutions [28] .
In the situation when a disease is controlled by more than one unlinked loci, the information from some regions can be incorporated to estimate the marginal effect of a disease locus in other regions. The example of youngonset hypertension above shows that the proposed nonparametric model is more robust to the one-locus assumption, which is a useful feature for the analysis of genome-wide association (GWA) data. Further studies should examine the robustness of these two models against this one-locus assumption. The potential extension of this approach to GWA data will allow researchers to incorporate risk factors and gene-gene and gene-environment interactions into GWA analysis through a genebased or sliding window approach. This may help a great deal in identifying disease loci and dissecting the etiology of complex diseases.
